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Abstract
Carpooling is thought to be part of the solution to resolve traﬃc congestion in regions where large companies dominate
the traﬃc situation because coordination and matching between commuters is more likely to be feasible in cases where
most people work for a single employer. Moreover, carpooling is not very popular for commuting. In order for car-
pooling to be successful, an online service for matching commuter proﬁles is indispensable due to the large community
involved. Such service is necessary but not suﬃcient because carpooling requires rerouting and activity rescheduling
along with candidate matching. We advise to introduce services of this kind using a two step process: (1) an agent-
based simulation is used to investigate opportunities and inhibitors and (2) online matching is made available. This
paper describes the challenges to build the model and in particular investigates possibilities to derive the data required
for commuter behavior modeling from big data (such as GSM, GPS and/or Bluetooth).
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1. Introduction
Regions with large companies dominating the traﬃc situation often suﬀer from traﬃc congestion. For
example, Volkswagen (VW) headquarters are located in the city of Wolfsburg, a relatively small German
city with 120,000 inhabitants. The VW factory, the largest car factory in Europe, has around 50,000 workers
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and employees. As a consequence, there are huge traﬃc problems in that area every day, and traﬃc patterns
in the area are fully dominated by commuting patterns of VW employees. VW and the city of Wolfsburg
are currently looking for solutions to these problems [1].
A similar situation exists in the city of Ingolstadt (125,000 inhabitants), where Audi employs around
30,000 persons [2], and in Genk (Belgium), where Ford employs 5000 people [3]. The problem can be
generalized to many large manufacturing plants with thousands of workers in shift work, which are located
in or near smaller cities. It also exists for large cities such as Cologne, but the eﬀects are more pronounced
if the factory workers constitute a large share of the traﬃc in peak hours. Hence, we limit our discussion to
this case.
Alleviating the traﬃc congestion problem in these regions will normally ask for a combination of mea-
sures speciﬁcally tailored to the region in question. In this paper we are interested in one speciﬁc measure
that can oﬀer at least a partial solution to the traﬃc problem: carpooling. Obviously, carpooling leads to
a decrease of traﬃc at peak hours, and if pooling rates were high enough, it would be an economical and
environmentally friendly solution that does not need large upfront investments. But in fact, currently pool-
ing rates are sometimes even decreasing in factories compared to past times because of larger availability
of cars, more ﬂexible working habits, larger spread of the employees’ homes over the region, ﬂexibility
of private life, higher anonymity among employees, etc. According to [4] only 9.4% of the respondents
participated in carpooling and 64% of those (5% of the population) did so at least once a week.
A promising possibility to get higher acceptance for carpooling is automatic proﬁle construction and
matching among employees that (in a 30,000-50,000 employee factory) often do not know each other per-
sonally. At the same time, because a congestion in the city ofWolfsburg or Ingolstadt with higher probability
is a congestion caused by employees working for a single company, there is also a high probability of ﬁnding
matching proﬁles. Moreover, the closed world of a company makes it much easier to increase the share of
the traﬃc participants in pooling. Furthermore, the companymight have some possibilities in experimenting
with diﬀerent work schedules etc. to investigate the impact of such decisions on the traﬃc situation. The
sheer size of the problem makes automatic proﬁling and matching an inevitable solution. In order to solve
this problem, we propose to make use of concepts from the agent-based paradigm.
The agent-based paradigm allows for interaction between intelligent entities which can be individuals,
companies, services etc, each one having its own belief (perception of the environment), desire (ultimate
goals) and intentions (short term tactics to achieve the goals). A behavioral model can be speciﬁed for each
agent as well as the protocols to negotiate and cooperate ([5],[6],[7]). Finally, activity based modeling using
the agent-based paradigm allows for modeling interactions between individuals which in turn allows the
study of carpooling inhibiting factors.
Implementing large scale agent-based simulators is a challenging task due to both the computational
complexity and the data requirements. In this project we plan to extract data to feed the behavioral model
from available big data sets that can be recorded automatically because those sources are less expensive
and less error prone than interactively conducted surveys. The project described here, is work in progress:
currently the conceptual modeling phase is being excuted.
This paper analyses the factors inﬂuencing the choice for carpooling and describes an agent-based sim-
ulation model to analyze them before building an online proﬁle matching facility. After describing the
state-of-the-art in Section 2, we describe our agent-based simulation model in Section 3. In Section 4 we
argue that the new data sources such as cell phone (GSM), GPS and Bluetooth data allow for much more
detailed modeling of the study area and thus facilitate solutions that have not been available before due to
lack of suﬃcient empirical information. We conclude our paper with a short summary.
2. State-of-the-art
Many public web based systems for carpooling candidate matching do exist all over the world: examples
are [8] and [9] that also focuses on companies. Some of those already operational systems provide closed
community services for people working for the same employer. [10] oﬀers such services to commuters
in partnership with employers, institutions, and regional governments. Partners pay a yearly fee and have
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access to their data to generate reports. The service is free for commuters. Furthermore, many carpooling
communities and large employers oﬀer Guaranteed Ride Home (GRH) solutions to overcome unexpected
events that would prevent the return trip to take place. [11] describes GRH programs as inexpensive insur-
ance policies: rules to participate, GRH use and associated costs are explained.
On the other hand, research focuses on inhibiting factors ([12],[13]) and feasibility ([14]). Kamar and
Horvitz [15] investigate computational methods for guiding collaboration on shared plans in real-world
settings where agents have diverse and varying goals preferences and availabilities. The ideas are applied to
carpooling. Supply and demand for rides are posted to a system that tries to ﬁnd the optimal grouping of self-
interested people based on travel cost, time cost and cognitive cost. Eﬃciency of the resulting mechanism
is calculated in terms of total cost and in terms of trip number reduction.
Public and company speciﬁc solutions try to cover carpooling inhibiting factors such as candidate match-
ing and the will-i-get-back-home fear. However, the problem of schedule adaptation is not covered. Car-
pooling requires some rerouting: ﬁrst, this takes time and second a lot of trips are multi-purpose trips (bring
children to school, shop, go to work). Cooperation on commuting trips requires cooperative routing an
cooperative scheduling, which can turn out to be inhibiting factors. Planning systems involving multiple
people can lead to notoriously diﬃcult combinatorial problems as is known from the application ﬁeld of
personnel roster calculations for hospitals and schools (see [16]).
Building and deploying a carpooling candidate matching and support application is a nontrivial and
costly task. Therefore, the fraction of carpoolers in the commuting society shall be estimated under several
conditions. Simply providing matching facilities is not expected to increase ride-sharing drastically. Si-
multaneous introduction of several measures can be required but a priori results are uncertain. Moreover,
agent-based modeling of commuter’s behavior, work time constraints, available transportation modes and
traﬃc network characteristics can reveal bottlenecks and indicate the weight of carpooling inhibiting factors.
In cases where commuting caused by one employer dominates the regional traﬃc, it should be feasible to
acquire most data required for simulation.
Hence a phased project is proposed for the introduction of traﬃc support applications in such cases.
Ideas shall be evaluated using agent-based simulation in a ﬁrst phase and selected proven algorithms shall
be implemented in the production system. The Janus framework [17] has been selected to accomplish this
task because of the basic infrastructure it provides, the promising benchmarks we ran, the availability of the
holon concept and the adherence to ASPECS.The agent-based simulator serves to answer what-if questions
about organizational aspects and infrastructure. Speciﬁc complex components like candidate matching and
negotiation can be transferred directly from the simulator to the production system.
Four-step models consisting of trip generation, trip distribution, mode selection and route assignment
for traﬃc prediction are not suited to investigate the problem at hand because they can only account for the
eﬀects of the inhibiting factors by extrapolation from historical data; hence they do not allow evaluation
of speciﬁc measures. Therefore, activity based [18] simulation is used. Time dependent demand for each
traﬃc mode (car, carpool, bike, walk, bus) is derived from the predicted daily agenda for each individual.
This method requires a behavioral model to be speciﬁed for each individual which is a challenging task
because large amounts of accurate detail data are needed.
3. Building the Carpooling Supporting Agent-based Simulation
In this section the two phases to build the carpooling simulation will be discussed.
3.1. Phase 1: Evaluation of Carpooling Solutions using What-if Scenarios
The purpose of the ﬁrst project phase is to ﬁnd out, using what-if scenarios, how the eﬀect of inhibitors
evolves as a function of value of time (VOT), locations of additional carpool parkings, kilometer speciﬁc
cost, altered work shift times and other factors. This phase covers the Long-term or recurring Car Pool
Problem (LCPP) only. Self-interesting cost aware individuals agree to ride-share on a regular basis; they
need to negotiate about the route, time and mutual payments. The agent-based paradigm is needed to
model the behavior and interactions between individuals. Eﬀects can get measured in terms of overall
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congestion induced delay, number of vehicle-kilometers driven versus person-kilometers driven (average
vehicle occupation) etc.
The simulation ﬁrst generates initial reference schedules as an extrapolation of the past (by using
marginal densities from surveys and census) using Monte Carlo microsimulation of mutually independent
individuals.
After that, it evaluates carpooling under several conditions using an agent-based model of interacting
individuals trying to achieve their goals while minimizing a generalized cost. For each agent, a daily inter-
action network is generated : this is the subset of the individual’s social network with whom to coordinate
while planning daily activities. Individuals interested in carpooling start to explore the set of carpooling
candidates via the interaction network thereby using the friend-of-a-friend (FOAF) concept also. People are
matched as candidate companions based on their agent proﬁle consisting of socio-demographic and loca-
tion related data along with explicitly stated individual preferences. The interaction network is built using
similarity measures for both agent socio-demo attributes and travel characteristics (timed routes): hence,
each agent only has a small amount of neighbours in this network which mimics reality and avoids per-
formance problems.When matched, candidates evaluate the cost to adapt to a new route (which can take
more time than the original one) and schedule (activities shifted in space-time) using (dis-)utility functions
based on VOT and user preferences. Most important factors during this evaluation are time constraints e.g.
the ones related to pick-and-drop activities or shop opening times. Individuals then oﬀer proposals to each
other without revealing all details: they only communicate preference order over several alternatives. De-
tails about the negotiation process can be found in [7]. Apart from negotiating carpooling conditions, those
agents also rate each other with respect to timeliness, safe driving, agreement compliance etc. The resulting
agent reputation is used in the carpooling candidate matching process.
In order to be realistic, simulation of this kind requires a lot of data (note that locations are areas or zones,
not speciﬁc addresses): home and work locations of employees, personal proﬁles (gender, family status,
age range of the children), employee function class attributes (work shift times, probability for unexpected
work-time changes and associated distribution for the work-time deviation from the normal one), impedance
matrices (specifying the travel time between carpool parkings, home and work locations under diﬀerent
traﬃc conditions), probability of multi-purpose trips (e.g. combined pick-and-drop, shop, work) and their
points of interest (POI) (school, shopping center), land-use space-time data (information about facilities
in each area: school times, shop opening times, etc) and ﬁnally information about public transportation
services.
The schedules (daily plans) resulting from simulations can be fed into a Traﬃc Simulator (Traﬃc
Evolver) to evaluate the eﬀects on the transportation system (roads, public transport services, access to
carpool parkings, etc) like traﬃc densities on speciﬁc links.
3.2. Phase 2: Operational realtime advisor
The realtime advisor supports solving the LCPP: candidates specify their origin and destination loca-
tions, time constraints (in a company speciﬁc service this can be done by specifying department and work
shift), potential via-stops (schools) and related additional passengers (children). They also supply a set of
preference settings to be used for proﬁle matching. Apart from proposing candidate carpool partners, the
service provides support for negotiation by proposing mutual payment amounts based on the route driven
and on the required schedule adaptation.
The service also provides Daily Car Pool Problem (DCPP) support in real-time. The main purpose is
support for GRH to regular periodic LCPP carpoolers who got stuck unexpectedly. Maintenance of sets of
backup carpool partners based on matching proﬁles, can ease this task. GSM or GPS data can be used to
determine current availability at the right location and to consider the current traﬃc situation in order to
make the best carpooling choices.
Finally, for both LCPP and DCPP a facility where passengers and drivers can rate each other by supply-
ing feedback, is essential. This is used to calculate individual reputation used for proﬁle matching.
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4. Big Data Sets and Information Extraction
In order to build our agent-based simulation we have to provide detailed information about the popula-
tion within our region of interest. More precisely, our goal is to build a synthetic population with similar
sociodemographic, mobility and social characteristics as the real population. Each agent in our simulation
represents one person of this synthetic population acting according to a given behavioral model. However,
the generation of such behavioral models is challenging due to the detailed information required. To obtain
such data using a classical survey is very laborious, time-consuming and expensive. Our approach is there-
fore to extract all necessary information from existing big data sources such as GSM, GPS and Bluetooth.
In initial work we have analyzed traﬃc patterns in the greater Wolfsburg / Braunschweig region (VW),
in Ko¨ln-Niehl (Ford), and in Ingolstadt (Audi) using mobile phone data, frequency counts and other data
sources. This study conﬁrmed that a combination of heterogeneous data sources (mobile phone activity,
frequency modeling, sociodemographic data) provides much better insight into the traﬃc patterns than any
single source could do. In addition, big data sources have the following advantages. First, the data col-
lection process is passive, i.e. the observed persons are not burdened with a questionnaire. Second, the
sources typically cover a large proportion of the population, providing a comprehensive picture of behavior.
Finally, some of the data set are continuously collected as the information is required for another process
(e.g. billing information of GSM data), which allows us to adapt the simulation model to behavioral changes
over time and to evaluate the eﬀects of the proposed car pooling solution. In the remainder of this section
we will introduce diﬀerent types of big data sources, discuss their strengths and weaknesses, and give an
overview on existing, sophisticated methods for the extraction of semantic information from these sources
for the creation of behavioral models.
Most important for our simulation are sociodemographic characteristics (e.g. gender, age, income), mo-
bility characteristics (e.g. place of living and working, average travel distance per day, number of trips per
day, preferred mode of transportation) as well as social relationships (e.g. being member of a family, bring-
ing children to the kindergarten, having colleagues at work). Sociodemographic information is typically
available for diﬀerent spatial aggregation units (e.g. municipality, post code area) by national statistical au-
thorities. In order to enrich this information with mobility and social characteristics, we will exploit GSM,
GPS and Bluetooth data. Mobile phones accompany us to nearly all daily activities and are therefore conve-
nient for the monitoring of mobility. In addition, they are widely distributed in the population, resulting in
a large data sample. As the data is used for billing purposes, it may furthermore be continuously available.
The spatial and temporal resolution of GSM data depends very much on the data collection method. Typi-
cally, the spatial resolution is given by the density of mobile phone cell towers and the temporal resolution
by the frequency of calling. This should be suﬃcient to derive e.g. origin-destination (OD) matrices of
commuting behavior. In addition, ﬁrst studies of GSM data [19] show promising results for the extraction
of semantic information as e.g. the home or work location using the frequency of calls from certain places.
Nevertheless, when extracting mobility information from GSM data it has to be kept in mind that the cus-
tomers of a telecommunication provider are not representative for the population, which has to be addressed
during data analysis. GSM data is also very valuable to extract the network of social interactions of a user.
This interaction network is especially diﬃcult to obtain from questionnaires due to the number of implicit
and explicit interactions that may occur during every single day. An approximation of this network can be
obtained using the approach presented in [20]. Here the users’ traces allowed to identify the spatio-temporal
coincidences between them. In other words, it is possible to build a network G = (E,N) where the set of
nodes N = {n1 . . . nk} are the users and an edge ei, j exists in E if exist a place where the users ni and n j stop
at same time, i.e. they are spatio-temporally co-located.
GPS data is very precise in terms of spatial and temporal resolution and therefore allows to infer very
detailed mobility information. In contrast to GSM data, it is typically collected in a mobility survey, covering
only a small portion of the population over a limited period of time. In some cases, however, GPS data from
telematics units which have been installed into cars, e.g. by insurance companies or for emergency help
systems, is available. This data has the advantage that it is available long-term. Independent of the source of
GPS data, a number of algorithms have been developed to infer semantics from the data, which are necessary
in order to derive mobility characteristics for the behavioral models of the agents. In order to understand
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a user’s mobility from raw GPS data, two tasks have to be performed: the identiﬁcation of trips and the
extraction of routines. A trip hereby is the movement from one location to another where a person remains
over a longer period of time. In a ﬁrst step, we therefore have to detect stops from the GPS data. Such an
algorithm is presented in [21] with each stop denoting a sequence of GPS points which are inside a certain
region for a certain amount of time. In order to annotate the trips semantically, i.e. to derive the activities
that motivate a trip, [22] use an ontology containing the expert knowledge. In this way the authors are able
to classify the users (e.g., commuters, tourists, etc.) and the places where they stop (e.g., home, work, etc.)
by a reasoning step. Another approach has been proposed by [23]. The authors use a clustering algorithm
to build a set of routines called mobility proﬁles which describe typical routes of a person.
Finally, data collected by Bluetooth can be used as big data source. It is collected by placing Bluetooth
antennas in selected locations. The antennas perform periodic scans which register devices with enabled
Bluetooth functionality within their range. As Bluetooth technology is provided by default in mobile phones
(e.g. to connect headsets) and increasingly also in modern cars (e.g. for car entertainment systems or
to provide connection to mobile phones), the technology is able to cover a considerable portion of the
population. A large percentage of cars sold nowadays are already equipped with Bluetooth, for instance
Ford reports that 90% of radios in new cars are Bluetooth enabled in 2011 [24]. Studies we internally
run show that with the current sensors technique roughly 5% of cars driving inside a study area can be
captured. Bluetooth scans provide unique device signatures and allow therefore to combine readings of
several antennas to form episodic trajectories. Thus we can gather durations of stops at speciﬁc locations
(e.g. the manufacturing plan or shopping locations) and the frequency of being visited by a person.
After extracting mobility and social characteristics from big data, this information will be joined with
our synthetic population. However, so far we have only considered mobility characteristics of the general
population. In order to build and match proﬁles of employees of the car manufacturing plant, we have to
incorporate their speciﬁc habits, home locations and shift working hours in the synthetic population. Such
data may be obtained in a collaboration with the manufacturer, possibly in aggregated form in order to
preserve the privacy of employees.
Finally, we can use continuously available big data sources in order to adapt and evaluate our carpooling
system. On the one hand, the system can adapt its recommendations for car pooling partners with respect
the current traﬃc situation. On the other hand, we are able to compare the traﬃc situation before and after
the implementation of our agent-based simulation.
5. Conclusion
In this paper we introduced an agent-based simulation model to support carpooling at large manufac-
turing plants. We argue that incorporating complex negotiations between agents is required for successful
carpooling, because inhibiting factors like rerouting and rescheduling have to be considered. Our model
relies on comprehensive information which we will obtain from big data sources as GPS, GSM and Blue-
tooth. These sources oﬀer the chance to gather information for a large portion of the population. However,
sophisticated extraction methods are required to derive semantic information for the agents’ behavior from
the raw sources. Given continuous data streams we will be able to compare the eﬀectiveness of carpooling
advices.
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